Abstract
Protein functions are associated with their three-dimensional structures and in-solution dynamics. After the technical breakthroughs in cryogenic electron microscopy (cryo-EM) single-particle analysis (SPA), numerous structures have been solved at atomic ~ nearatomic resolutions, including extremely large macromolecules that were not solved by conventional techniques. Their dynamics analysis based on the solved structures further deepens the understandings of the functional mechanisms. However, the elucidations are often hampered by the large molecular sizes and the complicated structural assemblies making both the experimental and computational approaches challenging. Here, we report a deep learning-based approach, DEFMap, to extract the dynamics information "hidden" in a given cryo-EM density map, using a three-dimensional convolutional neural network (3D-CNN). DEFMap successfully provided dynamics information equivalent to molecular dynamics (MD) simulation and experimental approaches only from cryo-EM maps. Indeed, DEFMap has detected dynamics changes associated with molecular recognitions and the accompanying allosteric conformational stabilizations. We expect that this new approach allows cryo-EM SPA to quantitatively grasp the in-solution protein behavior at atomic and residue levels beyond the static information, gaining biological insights into the functional mechanisms.
Main
Protein functions under physiological conditions are associated with the threedimensional structures and in-solution dynamics. Therefore, their investigations at high resolutions are essential for elucidations of the molecular mechanisms underlying biological events, such as regulations in cellular signaling mediated by protein-protein interaction and metabolisms catalyzed by enzymes 1, 2 . To determine the protein structures, various structural biology techniques, such as nuclear magnetic resonance (NMR), X-ray crystallography, and cryo-EM SPA [3] [4] [5] , have been developed over the decades 6 . Along with their techniques, the dynamics information has been quantitatively measured through several experimental and computational approaches, such as NMR, hydrogendeuterium exchange (HDX) mass spectroscopy (MS) 7 , and MD simulations 8 .
Recent breakthroughs in cryo-EM SPA have uncovered numerous structures of biological molecules at atomic or near-atomic resolutions, including extremely large macromolecules that have not been solved by conventional techniques. However, the dynamics investigations of the molecules targeted in cryo-EM studies are technically challenging in both experimental and computational approaches due to the large molecular sizes and the complicated structural assemblies.
Here, we report a deep-learning-based approach to investigate dynamics information using only a cryo-EM map. Three-dimensional cryo-EM maps solved by SPA are reconstructed from a vast number of two-dimensional molecular particle images in the micrographs [3] [4] [5] . In the cryo-EM SPA, the specimens are prepared by rapidly freezing the macromolecule solutions in which proteins adopt variable conformations. Therefore, the dynamics properties are "hidden" in the reconstructed cryo-EM maps. In this regard, an approach, manifold embedding, was reported to investigate the conformational heterogeneity using the two-dimensional particle images 9 . Nevertheless, avenues for the direct extraction of the dynamics information only from the cryo-EM maps have not been challenged, while researchers have known that the local map intensities are, to some extent, correlated with the dynamic properties, i.e., the intensities at flexible regions are weakened.
Our approach aims to quantitatively extract the hidden dynamics information at atomic or residue levels only from distributions of density data in cryo-EM maps, named as DEFMap (Dynamics Extraction From cryo-em Map). DEFMap determines the dynamics corresponding to root-mean-square fluctuation (RMSF) values representing atomic fluctuations around the average structure in MD simulations. We utilized one of the deep-learning methods, 3D-CNN [10] [11] [12] , which is widely used to detect or classify threedimensional objects constructed from several resources, such as a video data [12] [13] [14] and magnetic resonance imaging [15] [16] [17] . Moreover, 3D-CNN has been shown to exhibit remarkable performance on the three-dimensional cryo-EM maps to recognize several structural patterns, such as secondary structures, amino acids, and the local map resolutions [18] [19] [20] [21] .
DEFMap has a neural network architecture consisting of 3D convolutional blocks and dense blocks ( Fig. 1a ). DEFMap reads 15 3 Å 3 sub-voxels generated from low-pass filtered cryo-EM maps and assigns the logarithmic RMSF of the heavy atoms to each grid based on the density data. We defined residue-specific values as residue-averages of normalized outputs from DEFMap and used them for the following evaluations and analyses (see post-processing and visualization of output from a neural network in Methods). Hereafter, the residue-specific values of DEFMap-and MD-derived dynamics are termed as Dynamics DEFMap and Dynamics MD , respectively.
We collected twenty-five cryo-EM maps with the overall resolution of less than 4.5 Å from Protein Data Bank (PDB) 22, 23 as training dataset (Supplementary Table 1 , average overall resolution = 3.62 ± 0.46) and their hidden dynamics were derived from MD simulations using the corresponding atomic models as initial structures (see molecular dynamics simulations in Methods). Within the training dataset, the map intensities tended to correlate with the Dynamics MD as generally considered but appears to be insufficient for the direct estimations of the dynamics since the correlation coefficient values (r) were not good as 0.464 ± 0.164 ( Fig. 1b left and Supplementary Table 2 ).
Using the same dataset and the dynamics data, we employed leave-one-out crossvalidation to evaluate the performance of DEFMap for each protein. The result showed that the correlations were globally improved to allow for inference of the dynamics equivalent to Dynamics MD (r = 0.665 ± 0.124), indicating that DEFMap efficiently extracts the features representing dynamics from the spatially configured cryo-EM maps through 3D CNN ( Fig. 1b right and Supplementary Table 2 ).
Subsequently, DEFMap was trained by all data available in the training dataset (twenty-five cryo-EM maps), and in turn, was applied to additional three cryo-EM maps (EMD-4241 24 , EMD-7113 25 , and EMD-20308 26 ) for further evaluation of the DEFMap potential to the structural analyses (Supplementary Table 1 ). The overview of DEFMapbased dynamics extractions was shown in Figure 2 . The dynamics values calculated by the trained model showed good correlation with those derived from MD at both atomic levels (r = 0.704, 0.726 and 0.673, respectively) and residue levels (r = 0.727, 0.748 and 0.711, respectively) ( Supplementary Fig. 1 ). The results indicated that DEFMap correctly extracts dynamics information only from the cryo-EM map data. The mappings of Dynamics DEFMap onto the corresponding atomic models (PDB entry 6FE8, 6BLY, and 6PCV, respectively) demonstrated that DEFMap captured the conformational aspects, such as rigidities at the protein interiors and the flexibilities of the solvent-exposed secondary structure elements, as well as Dynamics MD ( Fig. 2a -c, upper panels). The relative dynamics properties in Dynamics DEFMap were well-agreed throughout the molecules with those found in Dynamics MD as represented in their overall profiles ( Fig.  2a -c, lower panels). For some regions, the DEFMap-based dynamics extractions were relatively failed. We envisaged that the lower local map resolutions would hinder the accurate extractions. Indeed, the lower the overall map resolution is, especially over 8 Å, the performances were hampered ( Fig. 2d and Supplementary Figure 2 ). This tendency is plausible since the detailed structural information was lost in low-resolution maps. We think that the resolution dependency of the model implies a possibility to further improve the DEFMap performance in the near future since the resolutions are improving year by year through developments of equipment for cryo-EM data acquisition, such as a cold field emission gun.
The consistency with the experimentally derived dynamics should reinforce the potential of DEFMap. Under appropriate conditions, the dynamics of such large proteins targeted by cryo-EM can be experimentally determined by HDX-MS 7 , in which the dynamics information is obtained at peptide fragment levels by monitoring deuterium incorporation into protein amide groups ( Supplementary Figure 3 ). Among the above three test proteins, a series of HDX-MS data are available for EMD-20308 26 . Dynamics DEFMap averaged for each fragment detected in the referred experiments were well correlated with the corresponding HDX rate (r = 0.743) as well as those for Dynamics MD (r = 0.791), supporting that DEFMap actually captured the local dynamics and thus would provide an insight equivalent to experiment-derived one without additional experiments ( Fig. 3 ).
Finally, we explored the potential of DEFMap into biological studies, such as identifications of molecular binding sites and the allosteric effects triggered by ligand bindings, through dynamics extractions based on ligand-induced perturbations of the cryo-EM maps. Ligand-bindings are fundamental biological events and are often accompanied with suppressions of dynamics at the recognition interfaces. Accordingly, we tried to detect the ligand-induced dynamics changes with DEFMap for three pairs of apo/holo proteins unused in the training dataset (apo, holo; EMD-20080, EMD-20081 27 ; EMD-9616, EMD-9622 28 ; EMD-3957, EMD-3956 29 ) (Supplementary Table 1 ). The overall profiles of Dynamics DEFMap were agreed with those of Dynamics MD as well as in the above cases ( Supplementary Figure 4) . Moreover, the dynamics of the residues located nearby the binding partners were significantly suppressed by the ligand bindings ( Fig. 4a, b and Supplementary Table 3 ), demonstrating that the conformational stabilizations at the binding interfaces were detected with DEFMap. Among the residues located at the interfaces ( Supplementary Table 3 ), prominent dynamics suppressions were observed for the regions intensively discussed in the referred literature [27] [28] [29] , suggesting that the key interactions in the complex formation were identified from the density data (Fig. 4b) . Intriguingly, the additional dynamics suppressions were found at the regions distal from the ligand-binding site in EMD-20080/EMD-20081 27 (Fig. 4c ). These observations indicated that the ligand-binding allosterically stabilized their regions. In the static models constructed from the cryo-EM maps, no substantial differences were observed for their regions between the apo and holo proteins (Supplementary Figure 5) . This observation emphasized the potential of DEFMap to provide dynamics information not accessible from static tertiary structures.
Cryo-EM SPA opened a new era in molecular biology through solving threedimensional structures of macromolecules and supra-molecules. The complementary use of DEFMap with the conventional cryo-EM SPA would accelerate the elucidations of the molecular mechanisms underlying the biological events. It is noteworthy that DEFMap requires only cryo-EM maps as inputs, being applicable to macromolecules with extremely large molecular sizes and the complicated structural assemblies, which make the dynamics investigations through conventional MD simulations and experimental techniques difficult in principle. Moreover, any researchers can access the dynamic properties without additional experiments requiring costs, time-consumptions, and indeep expertise. The present study showed the advanced usage of the structural data derived from cryo-EM SPA and the potential of the deep learning-based techniques in structural biology studies. We believe that DEFMap will be one of the promising choices in the data-driven structural investigations to clarify protein functions. 
Figure legends

Methods
Molecular dynamics simulation
Initial coordinates solved were derived from the PDB (https://www.rcsb.org) and processed by using a Structure Preparation module in the Molecular Operating Environment (MOE). Briefly, loops were modeled for disordered regions whose number of residues was less than seven and the other non-natural N-termini and C-termini were capped with acetyl groups and formyl groups, respectively. Addition of the hydrogen atoms and generation of the topology files were carried out using a pdb2gmx module in the GROMACS 31 . All MD simulations were carried out in periodic boundary conditions (PBC) by using the GROMACS on NVIDIA GeForce GTX 1080 GPU. Amber ff99SB-ILDN force field was used for proteins, nucleotides and ions 32 , and TIP3P was used for water molecules 33 . Water molecules were placed around the complex model with an encompassing distance of 10 Å. Counter-ions were added to neutralize the system. Electrostatic interactions were calculated using the particle mesh Ewald (PME) method 34 with a cutoff radius of 10 Å, and a nonbonded cutoff of 10 Å was used for Van der Waals interactions. The P-LINCS algorithm was used to constrain all bond lengths 35 .
After energy-minimization of the fully solvated systems, the resulting systems were equilibrated for 100 psec using a constant number of molecules, volume, and temperature condition (NVT) and run for 100 psec employing a constant number of molecules, pressure, and temperature condition (NPT), with the heavy atoms of the macromolecules held in fixed positions. The temperature was maintained at 298 K with velocity re-scaling with a stochastic term 36 , and the pressure was maintained at 1 bar with the help of Parrinello-Rahman pressure coupling 37 , with temperature and pressure time constants set to 0.1 psec and 2 psec, respectively. Subsequently, twenty-nanosecond production runs were carried out under the NPT condition without positional restraints. The generated trajectories after PBC corrections were aligned using overall Cα atoms, followed by calculations of the RMSF values (Å) for heavy atoms with an rmsf module in the GROMACS. The logarithms of RMSF are used as the dynamics.
Preparation of input data for deep neural networks
Original cryo-EM density maps and the corresponding atomic models with the overall map resolutions less than 4.5 Å, which is relatively high resolution than the average overall resolution of cryo-EM maps deposited in 2019 (5.6 Å), were selected and downloaded from PDB (thirty-four datasets). The training and evaluation datasets were composed of twenty-five and nine macromolecules, respectively (Supplementary Table  1 ). The maps were rescaled as 1.5 Å/pixel and low-pass filtered to 5, 6, 7, 8, 9 and 10 Å by using EMAN2.3 30 . Subsequently, the intensities were normalized within each map data and those less than zero were discarded. The grid in the maps were assigned with MD-derived dynamics (logarithmic RMSF) of the nearest atoms in the voxelized coordinate. The resulting maps were sub-voxelized to generate the input density data with the sizes of 10 3 voxels (15 3 Å 3 ). For training data, we implemented data augmentations by horizontal/vertical rotations with 90, 180 and 270 degrees. Voxelization of atomic models were carried out by utilizing High Throughput Molecular Dynamics (HTMD) 38 .
All of the pre-processing was performed using Python.
Construction of deep neural networks
Architecture of the neural network in DEFMap are composed of 3D convolutional blocks and dense blocks. 3D convolutional blocks have three 3D convolutional layers with leaky ReLU activation, max pooling, and dropout. The kernel size for convolution, the pool size of the max pooling, and dropout ratio are set to 4 × 4 × 4, 2 × 2, and 0.2, respectively. The three 3D convolutional layers applied different filter sizes, 64, 128, and 256. Dense blocks have two dense layers of 1024 units with leaky ReLU activation and a dense layer of a unit with identity activation. Hyperparameters was set as epochs = 50, learning rate = 0.00005, and batch size = 128, and utilized early stopping with a patience three to avoid overfitting. All models were trained on NVIDIA Tesla V100 with 16 GB GPU memory. The Keras 39 was employed with Tensorflow 40 backend.
Post-processing and visualization of output from the neural networks
The atomic dynamics values calculated by DEFMap were post-processed for the subsequent validation and analyses as follows; the output values were normalized, followed by averaging for each residue. The residue-specific dynamics values (termed as Dynamics DEFMap in the main text) were assigned to atomic models as temperature factors with HTMD 38 and visualized using PyMOL 41 and UCSF Chimera 42 . All of the postprocessing was performed using Python.
Software
The following software packages were used: MOE (version: 2016.08; https://www.chemcomp.com/Products.htm) for structure preparation in MD simulation. GROMACS (version:2016. 
Data availability
All the datasets used in this paper are publicly available from PDB (https://www.rcsb.org/). Detailed descriptions of the dataset are in Supplemental Table 1 .
